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Meta-analyses of studies of the human microbiota
Catherine A. Lozupone,1,7 Jesse Stombaugh,2,7 Antonio Gonzalez,2,7 Gail Ackermann,2
Doug Wendel,2 Yoshiki Va´zquez-Baeza,2 Janet K. Jansson,3 Jeffrey I. Gordon,4
and Rob Knight2,5,6,8
1Division of Biomedical Informatics and Personalized Medicine, Department of Medicine, University of Colorado, Aurora, Colorado
80045, USA; 2BioFrontiers Institute, University of Colorado, Boulder, Colorado 80309, USA; 3Earth Sciences Division, Lawrence Berkeley
National Laboratory, Berkeley, California 94720, USA; 4Center for Genome Sciences and Systems Biology, Washington University
School of Medicine, St. Louis, Missouri 63108, USA; 5Department of Chemistry and Biochemistry, University of Colorado, Boulder,
Colorado 80309, USA; 6Howard Hughes Medical Institute, Boulder, Colorado 80309, USA
Our body habitat-associated microbial communities are of intense research interest because of their influence on human
health. Because many studies of the microbiota are based on the same bacterial 16S ribosomal RNA (rRNA) gene target,
they can, in principle, be compared to determine the relative importance of different disease/physiologic/developmental
states. However, differences in experimental protocols used may produce variation that outweighs biological differences.
By comparing 16S rRNA gene sequences generated from diverse studies of the human microbiota using the QIIME
database, we found that variation in composition of the microbiota across different body sites was consistently larger than
technical variability across studies. However, samples from different studies of the Western adult fecal microbiota gen-
erally clustered by study, and the 16S rRNA target region, DNA extraction technique, and sequencing platform produced
systematic biases in observed diversity that could obscure biologically meaningful compositional differences. In contrast,
systematic compositional differences in the fecal microbiota that occurred with age and between Western and more
agrarian cultures were great enough to outweigh technical variation. Furthermore, individuals with ileal Crohn’s disease
and in their third trimester of pregnancy often resembled infants from different studies more than controls from the same
study, indicating parallel compositional attributes of these distinct developmental/physiological/disease states. Together,
these results show that cross-study comparisons of human microbiota are valuable when the studied parameter has a large
effect size, but studies of more subtle effects on the human microbiota require carefully selected control populations and
standardized protocols.
[Supplemental material is available for this article.]
Targeting our indigenous human microbial communities (micro-
biota) to prevent or treat disease is difficult due to their complexity,
as well as their intra- and interpersonal variations (Lozupone et al.
2012b). Major efforts are underway to understand the predominant
factors that shape the human gut microbiota and the inter-re-
lationships between the organismal composition of the micro-
biota, its pool of microbial genes (microbiome), their expressed
functions, and host physiologic and disease phenotypes. In the
case of the gut, which contains the largest collection of microbes,
these factors and interrelationships include diet (Muegge et al.
2011; Wu et al. 2011; Yatsunenko et al. 2012), host genetic and
familial relationships (Turnbaugh et al. 2009; Hansen et al. 2011;
Yatsunenko et al. 2012), varying cultural traditions and geography
(De Filippo et al. 2010; Hehemann et al. 2010; Yatsunenko et al.
2012; Zupancic et al. 2012), age (Palmer et al. 2007; Biagi et al. 2010;
Koenig et al. 2011; O’Sullivan et al. 2011; Yatsunenko et al. 2012),
pregnancy (Koren et al. 2012), route of delivery (Huurre et al.
2008; Dominguez-Bello et al. 2010), obesity, metabolic syndrome,
and type II diabetes (Ley et al. 2005; Turnbaugh et al. 2009; Qin
et al. 2010; Graessler et al. 2012; Vrieze et al. 2012), cardiovascular
disease (Wang et al. 2011), disturbances produced by antibiotics
(Jakobsson et al. 2010; Dethlefsen and Relman 2011) including
Clostridium difficile colitis (Chang et al. 2008; Khoruts et al. 2010;
Gough et al. 2011), and other forms of inflammatory bowel dis-
eases (Willing et al. 2010).
Bacteria dominate our various microbial communities. The
composition of these communities is typically evaluated by tar-
geting the bacterial 16S rRNA gene as a phylogenetic marker.
Trends in community-level diversity differences can be inter-
rogated by computing the amount of diversity that is shared be-
tween samples (b-diversity), followed by clustering using an un-
supervised multivariate statistical technique such as Principal
Coordinates Analysis (PCoA). These techniques sometimes reveal
clear associations between subject characteristics and overall di-
versity. Strong drivers of gut microbial community relatedness
include age (Koenig et al. 2011; Yatsunenko et al. 2012), culture/
geography (Yatsunenko et al. 2012), inflammatory bowel disease
(IBD) (Willing et al. 2010), and kinship (Dicksved et al. 2008;
Turnbaugh et al. 2009; Yatsunenko et al. 2012).
Because different studies of the human microbiota often use
the same 16S rRNA gene target, studies performed by different re-
search groups can in principle be compared, and parallels among
different disease, physiological, or developmental states discov-
ered. Such comparative analyses have yielded key insights when
applied to 16S rRNA gene libraries generated by different laborato-
ries focusing on a number of environmental habitats; for example,
these comparisons have revealed that salinity is an important factor
7These authors contributed equally to this work.
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structuring the bacterial diversity in free-living communities
(Lozupone and Knight 2007) and that bacterial communities in the
vertebrate gut are highly divergent from free-living communities
(Ley et al. 2008). Analysis of sequences from different studies also
allows comparisons to relevant control populations. For example,
pregnant women differ in the composition of their gut microbiota
between the first and third trimester (Koren et al. 2013), and third
but not first trimester compositionwas shown to be distinctive from
nonpregnant adults by comparison to the healthy reference data
set sequenced by the NIH-sponsored Human Microbiome Project
(HMP) (The Human Microbiome Project Consortium 2012).
Particularly in comparisons restricted to a specific type of
sample (e.g., only from human fecal samples), technical differences
in experimental protocols between laboratories, including the
manner in which samples are obtained and stored, DNA extraction
methods, the selection of PCR primers for generating amplicons
from bacterial 16S rRNA genes, the region of the 16S rRNA gene
targeted for PCR, and the instruments used to determine the nu-
cleotide sequences of these amplicons, might all produce variability
that could outweigh biological differences (Mao et al. 2012). Here,
we conducted meta-analyses to identify overall patterns that drive
differences in the human microbiota and to ascertain the degree
to which technical variability between studies impacts observed
diversity.
Results
Differences between human body sites are greater than those
produced by technical variation
We compared sequences generated from different regions of the
16S rRNA gene by using a reference mapping protocol for Opera-
tional Taxonomic Unit (OTU) assignment, in which sequences
from different regions of the 16S rRNA gene will map to the same
full-length reference sequence if they are from the same species
(see Methods). In short, we picked OTUs on the February 4, 2011
Greengenes database, which is composed of all available near full-
length 16S rRNA gene sequences in GenBank, at a 97% threshold
using UCLUST (Edgar 2010), and then assigned 16S rRNA frag-
ments to a reference sequence if theywere within a 97% threshold.
A 97% similarity threshold is typically used to denote bacterial
species. Although many different techniques are available for
identifying relationships between the overall microbiota compo-
sitions in different samples onceOTU counts per sample have been
calculated, we chose to use unweightedUniFrac and PCoA because
of its successful application in previous meta-analyses (Lozupone
and Knight 2007; Ley et al. 2008; Lozupone et al. 2012a), and also
after verifying that unweighted UniFrac performed well compared
with other beta diversity measures in clustering human micro-
biome samples by body site (see Supplemental Materials). UniFrac
evaluates the distance between two samples based on the degree to
which the 16S rRNA sequences are from unique versus shared
phylogenetic lineages (Lozupone and Knight 2005).
When combining data from 12 different published studies of
the human microbiota (Table 1), including three studies of mul-
tiple individuals that sequenced multiple body sites from the
same person over time (HMP, Costello_whole_body, and Dense_
timeseries; see Table 1), the samples clustered primarily by body site
rather than by study (Fig. 1). This was the case despite considerable
differences in experimental protocols across the studies, including
different DNA extraction methods, sequencing platforms, primers,
and regions of 16S rRNA targeted (Table 1). One notable exception
to the broad clustering by body site was that samples from the gut
of infants generally clustered with samples from the adult vagina
or skin rather than the adult gut (Fig. 1). This was observed for all
four studies that collected fecal samples from infants and age in-
formation for study participants (Table 1; US_infant_timeseries,
Global_gut, Italy/Burkina Faso, Newborns_and_mothers) (Fig. 1).
Furthermore, fecal samples collected from a single USA infant in
US_infant_timeseries (Table 1) progressed from the adult vaginal
region of the PCoA plot to the adult fecal region over the first 21⁄2 yr
of life (Fig. 1).
One way to explore taxonomic driving factors of patterns in
a PCoA analysis is to produce biplots, where bacterial taxa are
plotted in the same PCoA space based on the weighted average of
the PCoA coordinates of all samples, where the weights are the
relative abundances of the taxon in the samples. By plotting bac-
terial families in thisway (Fig. 1)we show that clustering by body site
is driven by taxa that have previously been shown to characterize
the different body sites, such as an abundance of Ruminococcaceae,
Bacteroidaceae, and Lachnospiraceae in the adult gut, Lactobacil-
laceae in the vagina, Propionibacteraceae/Staphylococcaceae on the
skin, and Streptococcaceae/Prevotellaceae in the mouth (Costello
et al. 2009; The Human Microbiome Project Consortium 2012).
Age and geography/culture drive major clustering patterns
across studies of the gut (stool) microbiota
We found strong clustering of the gut microbiota by study when
comparing fecal samples alone, suggesting that technical differ-
ences between laboratories cause significant differences in the
observed diversity. However, some host factors produced suffi-
ciently large and characteristic changes in the gut microbiota to
drive global clustering patterns even when combining studies that
used diverse protocols. Age was especially important, with a pro-
gression toward anadult-like state over the first 3 yr of life, explaining
the first principal coordinate when three studies with age gradients
were combined (Fig. 2A). These studies assessed the fecal microbiota
in individuals between the ages of 0 and 83 yr living in North
America (USA), Africa (Malawi), and in South America (Amazonas
State of Venezuela) (Global_gut) (Table 1), children aged 0–6 yr
from Europe and Africa (Italy/Burkina Faso), and a single infant in
the USA sampled repeatedly from age 0 to 2.3 yr and its mother
(US_infant_timeseries). The effect of age transcended any differ-
ences introduced by experimental protocol in these particular
studies, including different sequencing platforms (454 and Illu-
mina) or PCR primers (e.g., those targeting the V2 and V4 hyper-
variable regions of the bacterial 16S rRNA gene) (Table 1).
The observed age gradient across these three studies was as-
sociated with a transition from communities enriched in Entero-
coccaceae, Enterobacteraceae, Streptococcaceae, Lactobacillaceae,
Clostridiaceae, and Bifidobacteraceae in early age, followed by a
progression to communities enriched in Lachnospiraceae, Rumino-
coccaceae, Bacteroidaceae, and Prevotellaceae (among others) in
adults (Fig. 2C). This result is consistent with taxa previously re-
ported to differ during development of the human fecalmicrobiota
in early life (Stark and Lee 1982; Palmer et al. 2007; Dominguez-
Bello et al. 2010; Koenig et al. 2011; Yatsunenko et al. 2012).
Characteristic differences between ‘‘Western’’ and agrarian
cultures were also large enough to outweigh study effects when
combining these three studies. The fecal microbiota of USA chil-
dren from two different studies (US_infant_timeseries, Global_gut)
clustered along the second principal coordinate with children from
Italy from another study (Italy/Burkina Faso) (Fig. 2B; Table 1).
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Similarly, samples from the Malawian and Amerindian children
from Global_gut clustered with children from Burkina Faso from
Italy/Burkina Faso at the opposite end of the same axis (Fig. 2B).
Taxa biplot analysis indicated that this difference was associated
with an enrichment of Prevotellaceae in the adults from agrarian
cultures and Bacteroidaceae in adults from Western cultures (Fig.
2C). This observation is consistent with the independent reports of
enrichment of Prevotella in fecal samples from individuals living in
non-Western societies in two of the studies included in this analysis
(De Filippo et al. 2010; Yatsunenko et al. 2012).
Samples from adults in Western populations cluster by study
In contrast to the striking difference in microbiota across the age
gradient and between Western and non-Western societies, the fe-
cal samples fromWestern adults clustered
primarily by study (Fig. 3A). Although
study-based clustering dominated many
different data sets, we illustrate this phe-
nomenon here with the following seven
studies of individuals living in the USA or
Sweden (Table 1): (1) a reference pop-
ulation of healthyUS adults characterized
by the HMP (using primers targeting the
V3–5 region of bacterial 16S rRNA genes
and the V1–3 region for a subset of the
samples; HMP_V13, HMP_V15); (2) in-
dividuals with IBD and healthy controls
(IBD_twins); (3) three healthy adults
whose microbiota was sampled before,
during, and after two short periods of
voluntary consumption of the antibiotic
ciprofloxacin (Antibiotic_timeseries); (4)
obese and lean mono- and dizygotic twin
pairs and their mothers (Obese_twins); (5)
healthy individualswhowere 14–66 yr old
from Global_gut; (6) healthy US in-
dividuals who were 14–66 yr old from
a study comparingmicrobiotawithin and
between families (Family_study); and
(7) healthy US adults sampled at four dif-
ferent timepoints (Healthy_whole_body)
(Table 1). The strength of study-driven
clustering was unexpected given that
some of the individual studies had iden-
tified factors that were driving commu-
nity differences, such as antibiotic ad-
ministration (Dethlefsen and Relman
2011). In Figure 3B, which clusters sam-
ples from the study of twins discordant
for IBD only (IBD_twins), several in-
dividuals with ileal Crohn’s disease de-
viate strongly from healthy controls
(Fig. 3B), and yet their deviation from
healthy people sequenced in other
studies is clearly confounded by study
effects (Fig. 3A).
Although many different experi-
mental parameters could have an effect,
these results reinforce the well-known
point that choice of PCR primers used for
amplification of different regions of the
bacterial 16S rRNA gene is important; HMP samples that were
subjected to the same extraction and storage protocols, but am-
plified with different primers cluster separately. Plotting the bac-
terial orders in the same plot, and rotating the plot of the first three
PCaxes tomaximize study-based clustering (Fig. 3C,D) showed that
the studies that targeted the V1–3/V2 region of rRNA (Antibiotic_
timeseries, HMP_V13, Healthy_whole_body, Family_study, and
Obese_twins) tended to have an enrichment in Erysipelotrichi and
Verrucomicrobia and a depletion in Actinobacteria and Gamma
proteobacteria compared with studies that targeted the V3–5/V4
region of rRNA (HMP_V35 and Global_gut). Consistent with a de-
pletion of Actinobacteria in the V2 studies, Antibiotic_timeseries,
Obese_twins, Healthy_whole_body, and Family_study used the 27F
forward PCR primer (Table 1), which has previously been shown to
have three primer mismatches and poor amplification of the Bifido-
Figure 1. Unweighted UniFrac PCoA plot illustrating that samples from the human microbiome
cluster primarily by body site. Each point represents a sample from one of the studies detailed in Table 1.
Samples were classified broadly as from the Gut (mostly feces but also colon, ileum, and rectum), va-
gina, oral cavity (e.g., saliva, tongue, cheek), and skin and other (diverse skin sites, hair, nostril, and
urine). Gut samples from individuals older than 21⁄2 yr are colored brown and from individuals ages 0 to 2
1⁄2
yr are colored across a dark purple (0 yr) to light purple (21⁄2 yr) spectrum. Samples from one infant
sampled repeatedly over the first 21⁄2 yr of life are joined together with a purple line with a decreasingly
dark hue with age. The infant samples are also shown in the inset. The most abundant bacterial families are
superimposed on the same PCoA plot in the lower panel in purple. The size of the sphere representing
a taxon is proportional to the mean relative abundance of the taxon across all samples.
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bacteriales group, the dominant type of Actinobacteria in the hu-
man gut (Frank et al. 2008; van den Bogert et al. 2011).
It is also clear, however, that primer choice is not the only
factor in study-based clustering. For instance, the two included
studies from the laboratory of Dr. JeffreyGordon (Obese_twins and
Global_gut) cluster closer to each other than to other studies even
though they used PCR primers that targeted different regions of
16S rRNA (V2 and V4) and sequenced using different platforms
(454 GS FLX [Roche] and Illumina HiSeq 2000). Biplot analysis
indicates that this separation is associated with an enrichment of
Gram-positive and depletion of Gram-negative bacteria in the
Gordon lab studies (Fig. 3 C,D). This finding may be due to dif-
ferences in the DNA extraction protocol utilized at the different
sites (i.e., a Phenol:Chloroform:Isoamyl alcohol-based technique
[P:C:I] by theGordon lab andprimarily theMOBIOPowerSoil kit by
the others) (Table 1), suggesting that the (P:C:I) technique, which
includes a bead-beating step, may be more efficient at extracting
DNA from Gram-positive bacteria. Cell wall architecture corre-
lates with this study bias independently of phylogeny; there is
an enrichment in Gram-positive Erysipelotrichi in the Gordon
lab data sets and depletion of the phylogenetically related
Mollicutes, which have lost an ancestral Gram-positive cell-wall
trait during the course of genome reduction (Bove 1993).
The sequencing platform also appeared to be a driver of study-
based clustering. Healthy adult fecal samples from Healthy_
whole_body and Family_study clustered apart even though they
used the same PCR/sequencing primers and DNA extraction pro-
tocol (Table 1). Samples from Family_study, which sequenced us-
ing the Illumina HiSeq platform, clustered closer to Global_gut
(the one other study that used this sequencing platform) than did
samples from Healthy_whole_body, which used 454 GS FLX (Fig.
3C). Clustering by a sequencing platform is consistent with reports
of GC-related bias in data sequenced on the Illumina platform
(Ratan et al. 2013).
Comparison of infant development to physiological and disease
states in adults
Although study effects dominated the clustering pattern of studies
of Western adults by adding samples from US infants (including
samples from a single infant sampled continuously over the first
2.3 yr of life) (Koenig et al. 2011) and the US infants from a survey
Figure 2. Unweighted UniFrac PCoA plots illustrating the relative degree to which age, cultural/geographic stratification, systematic differences in the
collection of samples, and sequencing method affect the observed diversity of the gut microbiota. (A–C ) Data from three different studies with age
gradients from culturally diverse populations (Global_gut, US_infant_timeseries, and Italy/Burkina Faso) (Table 1). Points are colored by age gradient in A
or by county in B. C plots the most abundant bacterial families as a weighted average of the coordinates of all samples in purple, where the weights are the
relative abundances of the taxon in the samples. The size of the sphere representing a taxon is proportional to the mean relative abundance of the taxon
across all samples.
Meta-analyses of studies of the human microbiota
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conducted across age and cultures (Yatsunenko et al. 2012), we
found that an age gradient was again observable over PC1 (Fig. 4B),
although systematic differences across studies were still observable
on PC2 (Fig. 4A). These systematic biases were again related to the
research group who conducted the studies, with reports from
the lab of one of the co-authors of this article (Jeffrey Gordon)
(Obese_twins, Global_gut) and the lab of Ruth Ley (Pregnant_adults,
US_infant_timeseries) having high values for PC2, and the remaining
studies low. This separationwas again associatedwith an enrichment
of Gram-positive bacteria in the Ley and Gordon labs (Fig. 4E).
With the addition of US infants to the analysis, parallels be-
tween infant development and physiological and disease states
become apparent. Specifically, a large subset of pregnantwomen in
their third trimester, but not their first trimester, cluster with in-
fants rather than adults (Fig. 4C); this phenotype generally per-
sisted 1 mo after delivery. Samples from individuals with ileal
Crohn’s disease also resembled infant samples to a greater degree
than healthy control samples from the same study (Fig. 4D).
We again added bacterial families to the samePCoAplot based
on their average relative abundance across the samples to explore
which are driving factors of community-level variation along these
PC axes. Essentially, the same pattern of taxa turnover is shown as
in the age gradient in Figure 2, with a transition from communities
enriched in Enterococcaceae, Enterobacteraceae, Streptococca-
ceae, and Lactobacillaceae in early age, followed by a progression to
communities enriched in Lachnospiraceae, Ruminococcaceae, and
Bacteroidaceae (Fig. 4F). The enrichment of these infant-associated
taxa in individuals with ileal Crohn’s disease and in third trimester
pregnancy is consistent with analyses of taxa associated with
these states reported in the original publications. For instance, in-
dividuals with ileal Crohn’s disease had significantly greater
Enterobacteraceae and Lactobacillaceae (infant-associated) in
their fecal microbiomes and significantly less Lachnospiraceae
and unclassified Bacteroidales (adult-associated) compared with
healthy controls (Willing et al. 2010). Similarly, OTUs within the
Enterobacteraceae, Streptococcaceae, and Enterococcaceae families
(infant-associated) were enriched, and several OTUs within the
Lachnospiraceae and Ruminococcaceae families (adult-associated)
were depleted in third versus first trimester pregnantwomen (Koren
et al. 2012).
Overall, this clustering pattern suggests that the gut envi-
ronment in infants, in late pregnancy, and with ileal Crohn’s dis-
ease may share biological or physiological characteristics that
result in the selection of some of the same types of bacteria.
Although these characteristics are not fully understood, the par-
allel between ileal Crohn’s disease, which is characterized by high
Figure 3. Unweighted UniFrac PCoA plots illustrating a strong study effect when comparing fecal samples of Western adults. (A) Studies conducted
with Western adult populations. (B) Clustering of the fecal samples from IBD_twins (Table 1) colored by disease state. (ICD) Ileal Crohn’s disease, (CCD)
Colonic Crohn’s Disease, (UC) Ulcerative Colitis. (C,D) Same as in A but with the axes rotated to maximize clustering by study. D shows just the bacterial
orders as a weighted average of the coordinates of all samples, where the weights are the relative abundances of the taxon in the samples. The size of the
sphere representing a taxon is proportional to the mean relative abundance of the taxon across all samples. Gram-positive bacterial orders are labeled in
red text and Gram-negative in blue.
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inflammation in the gut and third trimester pregnancy is in-
teresting in light of the finding that stool samples from preg-
nant women in their third trimester had significantly higher
levels of the proinflammatory cytokines IFNG, IL2, IL6, and
TNF compared with first trimester, and inflammatory markers
were increased in gnotobiotic mice into which a third but not
first trimester gut microbiota had been transferred (Koren et al.
2012).
An additional way to gain insight into the driving factors of
parallel microbiota changes is to determine the shared biological
properties of the diverse bacteria that associate independentlywith
infants and with disease or with late pregnancy. For instance,
particular taxa in the Lachnospiraceae group such as Roseburia and
Eubacterium have decreased relative abundance in infants, in in-
dividuals with ileal Crohn’s disease (Willing et al. 2010) and in late
pregnancy (Koren et al. 2012). Within the Clostridiales, however,
there are also species such as Clostridium bolteae that show an op-
posite pattern, thriving in infants and with various disturbances
and having relatively low prevalence in the healthy adult gut
(Lozupone et al. 2012a). Genomic comparisons of these species re-
vealed that infant/disturbance-adapted taxa in the Lachnospiraceae
had a selection for genes predicted to confer resistance to osmotic
and oxidative stress as well as distinctive metabolic capabilities
(Lozupone et al. 2012a).
Figure 4. Unweighted UniFrac PCoA plots illustrating the relationship between the bacterial diversity in fecal samples from different disease/physio-
logic states in adults and the infant microbiome. (A) Compares samples from same studies as in Figure 3A, but with the US_infant_timeseries, the US infants
and children from Global_gut, and adults from a study of pregnancy (Pregnant_adults) (Table 1) added in addition. (A–D) The same plot, except that
different subsets of the samples are shown or are colored differently. (A) Points colored by study. (B) Points colored by an age gradient. The samples from
Pregnant_adults are not shown because the age of study participants was not available. (C ) Samples from pregnant women in their first and third
trimesters and 1 mo post-delivery (from Pregnant_adults) (Table 1) (D) Healthy individuals and individuals with ileal Crohn’s disease from IBD_twins. (E )
Bacterial families are plotted as a weighted average of the coordinates of all samples where the weights are the relative abundances of the taxon in the
samples (purple circles). Gram-negative bacterial orders are in blue text, Gram-positive in red.
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Discussion
Our results demonstrate that differences in the humanmicrobiota
across body sites are sufficiently large that samples from each site
cluster together even when experimental protocols differ sub-
stantially. For comparisons within gut (fecal) samples, we found
that compositional differences associated with age and culture/
geography also were greater than those driven by the experimental
protocols used in the particular studies combined here, which in-
cluded differences in the sequencing platform, the region of 16S
rRNA targeted, and the DNA extraction technique used. However,
the strong clustering by study in fecal samples fromWestern adults
indicates that differences in experimental protocol, including
choice of PCR primers/16S rRNA region targeted, DNA extraction
protocol, and sequencing platform can be associated with signifi-
cant differences in the observed diversity. Experimental protocols
must thus be carefully standardized for studies conducted within
populations and age groups, especially when the effects of a bi-
ological parameter on the (gut)microbiota are expected to be subtle.
As more data sets with different combinations of PCR primers, 16S
rRNA region,DNA extraction protocol, and sequencing platformare
made available, it should be possible to develop a better under-
standing of which techniques produce particular types of bias in the
resulting data and the optimal techniques for minimizing these
biases.
The large effect of age on the human gut microbiota shown
here is consistent with studies that have detailed dramatic changes
in the gut community composition over the first 3 yr of life (Palmer
et al. 2007; Koenig et al. 2011; Yatsunenko et al. 2012). Studies of
the early assembly of the gut microbiota, whether longitudinal
(Koenig et al. 2011) or cross-sectional within the USA (Palmer et al.
2007) or across countries representing distinct cultural traditions
(Yatsunenko et al. 2012), indicate that the infant microbiota un-
dergoes a successional trajectory until a relatively stable adult-like
configuration is established. Our results further show that the early
gut microbiota more closely resembles other body sites, including
the vagina and skin, than the fecal microbiota of Western adults.
This is consistent with studies of the effects of delivery mode on
the microbiota of newborns, which showed that the vaginally de-
livered babies hadmicrobiota resembling themother’s vagina across
multiple body sites and babies born by C-section had an initial
microbiota resembling skin (Dominguez-Bello et al. 2010). How-
ever, given that the progression of the infant gut microbiota to one
resembling an adult occurs slowly over the first 1–3 yr of life, during
which time exposures to gut microbes occur, the trajectory from
infant adult gut microbiota is likely not solely due to a replacement
of initial colonizers. Another possible contributor is shared bi-
ological or physiological characteristics between the vagina and
infant gut, such as more similar environmental stressors, which
results in the selection of some of the same types of bacteria.
The separation of the gut microbiota of Western cultures
(USA) (Koenig et al. 2011; Yatsunenko et al. 2012) and Italy (De
Filippo et al. 2010) from the gut microbiota of individuals in the
developing world (Burkina Faso) (De Filippo et al. 2010), Malawi
(Yatsunenko et al. 2012), and Venezuela (Yatsunenko et al. 2012),
supports the conclusion that strong and consistent differences exist
between the gut microbiota of individuals in Western compared
with agrarian cultures. The clustering of fecal samples from in-
dividuals from Burkina Faso, Malawi, and Venezuela is consistent
with independent reports of enrichment of Prevotella in fecal sam-
ples from individuals living in non-Western societies compared
with Italy (De Filippo et al. 2010) or the US (Yatsunenko et al.
2012). The finding that Prevotella could predict community-wide
diversity patterns is not surprising given the observation that a
trade-off between Prevotella and Bacteroides are associated with
overall stratification of diversity both withinWestern populations
and in cross-cultural comparisons (Arumugam et al. 2011; Wu et al.
2011; Yatsunenko et al. 2012; Koren et al. 2013).
In this work, sequences from studies that targeted different
non-overlapping regions of the 16S rRNA gene were related via
a reference-sequence mapping protocol, in which sequences were
only considered if they were related to near full-length sequences
in the Greengenes database (McDonald et al. 2012). This protocol
allows for comparison of sequences generated from different re-
gions of the 16S rRNA gene, because sequences from different re-
gions from the same microbial species will map to the same full-
length reference sequence. However, it limits the analysis to taxa
related to those that have been observed before in studies that
generated long sequence reads, and these studies have become less
common recently, since next generation sequencing produces only
short reads. Because the human body is among the most intensely
sampled microbial habitats on Earth, a high percentage (76.77%–
94.95%) of raw sequences fromeach studywere successfully assigned
to reference sequences at a 97% similarity threshold (Table 1), and
re-analysis of the same data using these reference-mapping tech-
niques readily reproduced published results. The continued ex-
pansion of the full-length 16S rRNA sequences from a diversity of
environments will make the reference-sequencemapping protocol
more powerful, particularly for habitats whose microbial com-
munities are diverse and not deeply surveyed. Using theMIMARKS
standards (Minimum Information about a MARKer gene Sequence)
(Yilmaz et al. 2011) and the QIIME database (http://www.microbio.
me/qiime), comparative analysis of large numbers of samples pro-
cessed by many different researchers should help determine factors
that structure microbial communities in a variety of systems, and
further investigation of which experimental parameters produce
the largest biases in microbial diversity estimates.
Methods
The studies included in these meta-analyses, which all used 16S
rRNAgene sequencing to survey thehumanmicrobiota, are detailed
in Table 1. PCR-generated amplicons from bacterial 16S rRNA genes
were sequenced using a diversity of sequencing platforms across the
studies (Illumina HiSeq 2000, 454 Titanium or standard FLX
chemistries [Roche]) and primers that targeted different regions of
the 16S rRNA gene (Table 1). Raw sequences from each study were
processed and quality filtered using the default parameters ofQIIME
version 1.5.0 (Caporaso et al. 2010). Specifically, for Titanium and
FLX (pyrosequencing) data we excluded sequences that were not
between 200 and 1000 nucleotides in length, had greater than six
ambiguous bases, had homopolymer runs longer than 6 nucleo-
tides, hadmismatches in the primer, or that couldnot be assigned to
a sample using the barcode. For Illumina HiSeq data, we truncated
the reads after runs of more than three consecutive low-quality base
calls and excluded reads with <0.75 of the original read length after
truncation. We excluded reads with ambiguous bases after quality
trimming. Because 454 Titanium chemistry yields longer read
lengths, we trimmed all reads generated with this chemistry to the
length achieved with standard FLX chemistry.
We grouped the sequences for all studies into ‘‘species-level’’
operational taxonomic units (OTUs) by using a referencemapping
protocol. Specifically, the QIIME database uses a reference data set
that is derived from all near full-length 16S rRNA sequences that
were available on February 4, 2011 in the Greengenes database
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(McDonald et al. 2012). Closely related/redundant sequences were
removed from this set by selecting OTUs using UCLUST (http://
www.drive5.com/usearch/) and a minimum pairwise nucleotide
sequence identity threshold between reads of 97% over the full-
length sequence. Sequences from the studies included in this meta-
analysis were all comparedwith this same nonredundant reference
set and assigned to a reference sequence using the UCLUST refer-
ence protocol if they were within a 97% identity threshold. Se-
quences that did not have $97% identity to any of the reference
sequences in the Greengenes database were not assigned to OTUs
and thus not considered further in these analyses. The average
percent of assigned sequences across samples for each study is
summarized in Table 1. Samples that did not have at least 100 se-
quences after quality filtering andOTU assignment (and thus were
excluded from all of the PCoA analyses) were also excluded from
these calculations.
This reference mapping protocol for OTU assignment allows
comparison of sequences from studies that used primers that tar-
geted heterogeneous regions of the 16S rRNA gene, because se-
quences from the same bacteria will match the same reference se-
quence regardless of the length or region of the 16S rRNA gene
targeted, although in practice a greater degree of similarity will be
required if the targeted region of 16S rRNA is particularly variable.
We then performed an unweighted UniFrac analyses on
tables of OTU counts. UniFrac performs a pairwise comparison of
all communities in a data set, defining the overall degree of
phylogenetic similarity between any two communities based on
the degree of branch length they share on a bacterial tree of life
(Lozupone and Knight 2005). Since sampling depth can impact
UniFrac values, and thus clustering patterns (Lozupone et al.
2011), 1000 sequences were randomly selected from each sample
before performing the PCoA analyses, except for the analysis in
Figure 2 in which 100 sequences per sample were used because
of low-sequence counts in the Italy/ Burkina Faso study after
filtering out low-quality reads. OTUs were selected and studies
collated using the QIIME database (http://www.microbio.me/
qiime/). All analyses were carried out using QIIME 1.5 (Caporaso
et al. 2010) or in the QIIME database web interface, including
the taxa biplots, which can be generated with the make_3d_
plots.py script of QIIME. Taxa summaries at the family and
order level were performed using the RDP classifier trained on
the February 4, 2011 Greengenes 97% reference data set using
QIIME.
The 16S rRNA data and all metadata used to conduct these
analyses were from previously published studies and are available
for download and analysis in the publicly accessible QIIME data-
base (http://www.microbio.me/qiime/).
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